ABSTRACT The continuous growth of mobile devices in recent years has created a variety of opportunities for people to utilize the crowdsourcing technique to execute various intelligent computing and processing tasks, e.g., electricity load forecasting. However, there are few research in the field of real-time and accurate forecasting of electricity load in a dynamic environment, and this leads to an unsatisfactory result when applying the forecasting method to the real environment. In view of this challenge, in this paper, we propose a dynamic mobile crowdsourcing selection method for electricity load forecasting considering the dynamic arrivals of both crowdsourcing tasks and candidate workers to help the crowdsourcing platform find the ideal workers for the crowdsourcing tasks. Concretely, in our method, a system model is firstly established to quantify the ability of candidate workers in executing the crowdsourcing task when both workers and tasks arrive at or leave the platform dynamically; afterwards, a dynamic worker selection method is proposed based on the ability threshold of workers and the task priority. Finally, through a set of simulated experiments, we validate the feasibility of our proposal in terms of effectiveness and efficiency when making accurate electricity load forecasting through mobile crowdsourcing technique.
I. INTRODUCTION
In recent years, people have witnessed the continuous growth of various mobile devices (e.g., mobile phones, tablet computers and smartwatches) in daily life and business applications [1] - [5] . Generally, mobile devices are universally embedded with numerous sensors, such as GPS, magnetometer and accelerometer. Therefore, data collected from these sensors can be employed collectively to satisfy the diverse demands of users [6] , [7] , which give birth to the mobile crowdsourcing technique. Typically, mobile crowdsourcing mainly consists of three participants, i.e., task requesters, candidate workers and a platform located in the cloud center. Thus, when a task requester gets trouble in collecting necessary information, he/she can generate a crowdsourcing task describing his/her problems and needs and then publish it to the platform. Afterwards, the platform receives the crowdsourcing task and begins to select a group of appropriate workers who can provide satisfying results to the task requester.
Mobile crowdsourcing is a promising resource sharing approach that leverages the decentralized mobile resources to accomplish the tasks that are hard to execute through the conventional ways, such as map services and translation services. As a complex activity that requires multi-party and real time data collaborations, electricity load forecasting based on mobile crowdsourcing has recently gained everincreasing attention. Electricity load forecasting is to predict the electricity consumption in a future period by analyzing the current electricity load, which has great significance in the production, transmission and allocation of electricity energy [7] . As an electricity company cannot monitor all the needed information about the electricity consumption condition of users, mobile crowdsourcing becomes a promising way to collect the required data for various decisions of the electricity company.
Generally, electricity load forecasting based on mobile crowdsourcing consists of the following three steps. (1) Task division and advertisement: the electricity company divides its needed data into several parts and advertises the data collection tasks to the candidate workers who are willing to provide data collection services through mobile devices. (2) Data collection: a set of chosen workers collect the needed data or information via mobile devices and report the collected data to the load prediction unit of the electricity company. (3) Consumption prediction: according to the collected data, the electricity company predicts the future electricity consumption through statistic or sampling techniques. This way, mobile crowdsourcing technique can help the electricity company to realize real time and cost-effective electricity consumption monitoring and future load prediction, which alleviates the heavy burden on the future electricity production decisions of the electricity company.
Therefore, selecting a set of appropriate workers from massive candidates is one of the most important preconditions of the success of subsequent electricity data collection and electricity consumption prediction. Many researchers have investigated this worker selection problem in the mobile crowdsourcing environment. However, existing researches often assume that the mobile crowdsourcing scenarios are static (i.e., electricity crowdsourcing tasks and candidate workers are fixed and static), while seldom consider the dynamic crowdsourcing scenarios where tasks and workers can arrive at or leave the crowdsourcing platform at will. For example, in Fig.1 , a task or a worker can join or leave the platform dynamically. In this situation, the crowdsourcing problem becomes more complex as the dynamic arrivals of FIGURE 1. Dynamic crowdsourcing arrival model for task and worker. The task and worker join the mobile crowdsourcing system dynamically and stay in the system for a limited time.
both tasks and workers should be taken into consideration for the purpose of finding the optimal crowdsourcing solution.
In view of this challenge, we introduce time factor into the crowdsourcing problem and further propose a dynamic mobile crowdsourcing selection method based on time-aware ability model of workers. In summary, our contributions are three-fold.
(1) We propose an ability evaluation model to quantify the correlation between tasks and workers. The model consists of four submodels: task requester model, worker ability model, worker ability adjustment model and dynamic arrival model.
(2) We put forward a dynamic mobile crowdsourcing selection method for electricity load forecasting. The method selects the optimal workers for tasks based on the time-aware ability threshold of workers and task priority.
(3) We conduct a set of simulated experiments to validate the feasibility of our method. Experiment results show that our proposal outperforms other methods in terms of average ability value of recruited workers and task completion rate.
The remainder of this paper is organized as follows. Section II presents the system model of our dynamic crowdsourcing selection method. Problem formulation and algorithm are introduced in Section III. Experiment evaluation is made in Section IV. Related work is given in Section V and finally, in Section VI, we conclude this paper and provide some insights for the future work.
II. SYSTEM MODEL AND PROBLEM STATEMENT
In this section, we present the detailed system model and definitions for the electricity load forecasting based on dynamic mobile crowdsourcing (MC). To simplify the discussions, the symbols to be used in this paper are summarized in Table 1 . Our system model mainly consists of four submodels: task requester model, worker ability model, worker ability adjustment model, and dynamic arrival model.
A. TASK REQUESTER MODEL
A task requester is a user who needs mobile crowdsourcing services from the system. We denote the set of requesters by R = {r 1 , r 2 , . . . , r l . Each requester r i can submit a series of tasks to the system and RT i = {t 1 , t 2 , . . . , t |r i | represents the set of tasks that requester r i published to the platform. Thus the set of tasks in the platform can be defined as follows:
For each task t i , we utilize a set of attributes to describe it, i.e., ρ(t i ) = {Ti i , De i , Ca i , Kw i , Am i . Here, Ti i represents the task title offered by requesters; De i represents the text description of the task (for example, a task can be described as ''Please help me take three photos around the park''); the category of task is denoted by Ca i , which indicates the kind that a task belongs to (e.g., information analysis or photo collection); Kw i is the skills or the features that a task needs (for example, Kw i can be a specific location in the location-finding task); the number of results that a task requires is indicated by Am i .
B. WORKER ABILITY MODEL
A task is often executed by a worker; therefore, it's important to evaluate the correlation between the worker and the task. We define this correlation as worker ability for the task, which can be calculated by the attributes of the task and the worker's familiar degree towards these attributes.
Worker ability for a task is defined as the worker's familiarity with the task's category and keywords. For instance, if a requester submits a task ''take pictures around a scenic spot'', then the platform will look for workers who are familiar with the category ''picture collection'' by keywords such as location, camera and scenic spot. Next, we introduce several definitions about keywords of tasks.
Definition 1 (Keyword Space): Keyword space in the mobile crowdsourcing system indicates the set of all keywords from every category and is denoted by S.
Suppose that the mobile crowdsourcing system has TC categories, and S tc indicates the keyword subset that the tc-th category owns. We use K to denote the maximum number of the tc-th category. 
Without loss of generality, we set the sum of ω k for a task as 1.0, so we have
Definition 4 (Worker Ability): Based on the above definitions, a worker's ability can be defined as his/her familiarity with the task's category and keywords. We use A j,i to denote the ability of the j-th worker in executing the i-th task, hence A j,i can be given as follows:
The value of A j,i indicates the ability of worker w j in executing task t i in the category tc, and this formula can be applied to different kinds of mobile crowdsourcing systems. In accordance with the above definitions, all the workers' abilities to all tasks can be indicated by a matrix as follows:
In the following process of worker selection, the matrix WT can be used as the basis to estimate the correlation between workers and tasks.
C. WORKER ABILITY ADJUSTMENT MODEL
In some specific mobile crowdsourcing tasks, some factors should be considered to adjust the model of worker ability. For instance, a requester creates a task querying the real-time traffic condition, the time factor turns out to be an indispensable element for the quality evaluation of the service. When the requester wants to know the pollution situation in some place, the distance turns out to be a vital element. We consider the following elements for adjusting the worker ability model.
1) DISTANCE
For some location-aware mobile crowdsourcing tasks, the requesters often have higher demands on the distance [9] . We denote the value of a worker's adjustment ability byÂ j,i , then:Â
Here, d j indicates the distance between the worker and the location that a task demands. The function ϕ(d) satisfies the following three properties:
. D is the maximal boundary of the distance.
2) TIME Some tasks tend to recruit the workers who can return results as early as possible. Therefore, a truncated exponential function [10] - [13] can be used here to define the time function as follows:
Here, α is the adjusting coefficient, h(x) is the time function.
3) REPUTATION
Some mobile crowdsourcing systems adopt the reputation model to punish those workers who provide poor-quality results. The reputation model mainly depends on the times that a worker provides services and the quality of returned results. It can be defined as follows:
The better the quality (quality j ) is or the larger the number (num j ) is, the higher the value of RP will be. Based on the above discussions, a worker's adjusting ability can be defined as follows:Â
We divide time into K slots and denote the time series as S = {s 1 , s 2 , . . . , s K where s represents the length of each time slot. We use M k to denote the number of tasks arriving at time slot s k and use t k i to represent the i-th task arriving at s k . And N k represents the number of workers arriving at s k , the j-th worker arriving at s k is denoted by w k j . So we have
When task t i joins the crowdsourcing system, the task reports its time attribute σ (t i ) = b i , e i , l i voluntarily. Here, b i is the beginning time of task t i , e i is the ending time, l i denotes the length of time to execute the task. The available time range for task t i is [b i , e i ]; in other words, task t i can only be executed by workers during this time range, thus we have
When worker w j joins the crowdsourcing system, w j reports its time attribute θ(w j ) = a j , d j where a j is the beginning time of worker w j and d j is the leaving time of w j . The time range for worker w j to stay in the system is [a j , d j ]. If worker w j is selected by task t i , then we have a j ≤ e i − l i , d j − a j ≥ l i and a j ≥ b i , which means that the beginning time of w j is less than the difference between leaving time and execution time of task t i , and the available time for worker w j is larger than the execution time of task t i .
III. DYNAMIC MOBILE CROWDSOURCING SELECTION METHOD
In this section, we formulate the electricity load forecasting problem based on dynamic mobile crowdsourcing and propose our algorithms. Concretely, in the mobile crowdsourcing system based on ability evaluation, we need a method to maximize the sum of ability values (denoted by A # ) for selected workers under the time constraint of workers and tasks while recruiting enough workers for tasks. Therefore, the crowdsourcing selection problem can be formulated as follows.
Formula (9) denotes the maximal object function; formula (10) requires the method to satisfy the time constraint; formula (11) demands the method to select enough workers. Besides, the goal of the method should satisfy several properties such as computational efficiency, individual rationality, method validity, member equality and so on. These properties are defined as follows.
Definition 5 (Computational Efficiency):
A method has computational efficiency if and only if the method can be finished in linear time.
Definition 6 (Individual Rationality): A method satisfies individual rationality iff each worker has a nonnegative ability value, i.e., A j,i ≥ 0, ∀t i ∈ T , w j ∈ W .
Definition 7 (Method Validity):
To quantify the performance of our method, we implement an offline method in which all the time attributes of tasks and workers are given in advance. A method can satisfy the method validity iff the ratio of results between our method and the optimal offline method is O(1).
Definition 8 (Member Equality):
The platform should guarantee that each task selects the candidate workers equally. Furthermore, the evaluation criterion for a worker is his/her ability value in executing the task.
If a method satisfies the abovementioned four properties (Def.5∼Def.8), it can be regarded that the method is effective and reasonable, and hence can be applied to the real crowdsourcing environment. VOLUME 6, 2018
A. OPTIMAL SELECTION METHOD IN OFFLINE SCENARIO
Next, we first introduce the optimal worker selection method in the offline mobile crowdsourcing situation when the platform gets all the time attributes of tasks and workers in advance. Although it is impossible in reality, the result of offline crowdsourcing is still of positive significance as it be taken as the benchmark to evaluate the effectiveness of our method. The execution process of offline crowdsourcing is as follows.
In the algorithm, line 1-8 generate a queue for the allocated tasks of every worker under the time constraint. We use workerList to store the allocated workers for each task and set workerList to null at the beginning. We traverse all the workers and tasks; if time attributes of worker w j and task t i satisfy the constraint a j
we put t i into the task list taskList j for worker w j .
In the second part of algorithm (i.e., line 9-24), a worker selects a task with the highest ability value; then the worker is allocated to the task and put into list taskList. The corresponding task accepts the worker and updates its number of workers to recruit. We use SelectedWorker to store the workers who have been allocated to a task and set it null at first. Then we traverse all the workers. If worker w j is in SelectedWorker, then we pass it. Otherwise, we pick the task t i with the highest ability from taskList j ; if the size of list i is less than Am i , then w j will be put into list i and SelectedWorker; otherwise, we put list i into workerList. After the traversing process, if there still exist tasks calling for more workers, then the second part should be executed again until all tasks recruit enough workers or there are no available workers. At last, workerList is returned as the final crowdsourcing results.
The offline crowdsourcing scenario, where the time attributes of tasks and workers are known already, is the most ideal one. While in the real mobile crowdsourcing system, the time attributes of tasks and workers are often difficult to obtain in advance, which make the crowdsourcing problem more complex. In view of this challenge, next, we introduce a dynamic mobile crowdsourcing selection method based on the ability evaluation model of workers.
B. THRESHOLD CALCULATION IN DYNAMIC CROWDSOURCING SYSTEM
In the dynamic crowdsourcing system, after a task arrives at the system, the platform would recruit enough workers with high ability to execute the task within the existing time frame of the task in the system (here, we do not consider the influence of network environment among requester, platform and workers, such as network delay or disruption [14] - [16] ). When a new worker joins the system, the system needs to decide whether to recruit the worker for the task. To achieve this goal, we set a threshold (denoted by h i ) for the selection criterion corresponding to task t i . Only when the ability value of worker w j in executing task t i , i.e., A j,i is larger than threshold h i , the task t i will consider to select the worker.
Algorithm 1 Crowdsourcing Selection in Offline Scenarios
Input: set of tasks T , set of workers W Output: queue for allocated workers workerList={list 1 , When a task t i joins the crowdsourcing system, its initial threshold h i is set as the average ability value of all the available workers arriving before executing t i . Based on the definition, the initial threshold h i is calculated as in (12) .
The threshold h i can decide whether to recruit a worker for task t i . However, the value of h i is not fixed; this is because the probability that a task can recruit a worker decreases with time elapsing. Likewise, the closer a task is to the ending time, the lower the task's expectation on the ability value of workers will be. We denote the residual time of the task t i as lt i thus we can get lt i = e i − t, where t represents the current time. We update the threshold value at every time slot according to the formula in (13) 
When the task recruits a new worker successfully, the rate of task accomplishment increases. Correspondingly, the task's expectation on the ability value of the subsequent workers also increases; therefore, the threshold should be appropriately increased. With the above analyses, we utilize the current threshold and the ability of the newly recruited workers to jointly generate the new threshold. The calculation formula for the new threshold is given by (14) .
Here, A j,i represents the ability value of recruited workers and α is the adjustment coefficient. The threshold updating algorithm for task t i during execution is shown as follows.
Algorithm 2 generates the set of threshold for task t i at each time slot. We first get the initial threshold for task t i by calculating the average ability value of the workers who arrived at the system before the time b i . Then we calculate the threshold from time slot b i to time slot e i . If task t i recruits a worker at time slot t, then the threshold becomes
, because H t−b i +1 should be adjusted considering both the time factor and the ability of recruited workers. Otherwise,
, which is only adjusted based on the time factor.
Algorithm 2 Threshold Updating for Task t i
Input: task t i , the set of workers In the dynamic mobile crowdsourcing system, it is often difficult to predict the next worker's arrival time and his/her ability value. Therefore, we adopt the ability value threshold to evaluate the future workers. Concretely, if the ability value of a future worker is greater than the current threshold, then the future worker is recruited; otherwise, the future worker is rejected.
For the arrived task at time t, we first get the set of existing tasks in the system. Here, the existing tasks mean the tasks whose time section includes the time t, i.e., b i ≤ t and t ≥ e i . The set of crowdsourcing tasks at the time t is denoted by TA t . Then the generating algorithm for TA t can be specified by the pseudo code in Algorithm 3. We traverse the set of tasks and put task t i into TA t if t i satisfies the time constraint b i ≤ t and t ≥ e i . Based on the above settings, we first consider the case where there is only one task in a dynamic crowdsourcing system. In this situation, all the workers can only be selected by the unique task, and the system only needs to select the workers whose ability value is greater than the current threshold. However, it's not realistic that there is only one task; namely, there are often multiple tasks that need to recruit workers at the same time. Let's consider the example in Fig.2 where a worker joins the system at time t. In Fig.2 , there are three tasks (ID: 1, 2, 3) which need to recruit workers at the same time; in this situation, how to assign the arrived workers to the appropriate task becomes the key to solve the dynamic mobile crowdsourcing problem. We use ST j to represent the set of tasks for which the ability of worker w j is greater than the task's threshold. A greedy algorithm to solve the dynamic crowdsourcing problem is to select a task ST i j with the highest ability value from ST j for each chosen task; and subsequently, worker w j is allocated to this task. However, this greedy strategy may lead to the ''hunger'' of some tasks; and ultimately, there will be insufficient workers that can be recruited by these tasks. If the ability of every worker in the recruitment process is not always the maximum for the task, then the task will not be able to recruit workers to execute it. Therefore, we adopt the priority or weight mechanism [17] - [20] . Concretely, we set a priority p i = ϕ(ln i , lt i ) for each task t i , where ln i represents the number of workers who can be recruited by task t i , and lt i represents the remaining time for task t i . The higher the priority is, the larger likelihood a worker would be assigned to the task. Obviously, the priority is proportional to the value of ln i and inversely proportional to the value of lt i . Here, p i represents the number of workers who can be recruited in a unit time. We take Q i = p i * A j,i as the basis for selecting appropriate participants, so we have
Where A j,i is the ability value of the j-th worker in executing the i-th task. According to the above definition, the dynamic mobile crowdsourcing selection algorithm based on ability value assessment of workers is given as below.
Algorithm 4 specifies the process of crowdsourcing selection in a dynamic scenario. We conduct the selection process at each time slot orderly. At each time slot t, the set of tasks TA t and the threshold for tasks in TA t are calculated first by Algorithm 3 and Algorithm 2, respectively. For each arrived worker w j at time t, we generate the set of tasks ST j for worker w j to find the tasks whose ability of worker w j is greater than the task's threshold, while the task in ST j must satisfy the time constraint, i.e., a j ≤ e i − l i , a j ≥ b i , d j − a j ≥ l i . Thus we select the task with maximum Q i from ST j and denote it by t i . Afterwards, worker w j is allocated to task t i and put into list i .
Algorithm 4 Dynamic Crowdsourcing Selection
Input: set of tasks T , set of workers 
ST j ← ∅; 8:
ST j ← ST j ∪ t i ; 11: 
IV. EXPERIMENTS AND EVALUATIONS
In this section, we conduct a set of simulated experiments to validate the feasibility of our proposal in terms of the capability of solving the dynamic mobile crowdsourcing problems.
A. EXPERIMENT SETTINGS
We investigated the experiment settings of 25 research studies and ascertained that most of their experiments are simulated. Therefore, in this paper, we conduct a set of simulated experiments to verify the efficiency of our proposed method. The default settings of parameters are listed in Table 2 . In order to evaluate the effectiveness of the dynamic crowdsourcing selection method, the average ability value and task completion rate of the recruited participants are used as evaluation criteria. The average ability value of the recruited participants is calculated as follows:
Here, A average represents the average ability of the recruited workers. Larger value of A average often means better results that the recruited workers can provide as well as better performance. For those tasks which do not recruit enough workers, we set the un-recruited workers' abilities zero. For example, if a task needs to recruit 5 participants while only 3 participants with ability values of 5.3, 6.7 and 6.0 are actually recruited, then the average ability value of the recruited participants is (5.3+6.7+6.0+0+0)/5 = 3.6. Task completion rate is defined as the ratio of the number of tasks recruited to the total number of tasks. The tasks completion rate indicates the completion rate of the crowdsourcing method in selecting appropriate participants for tasks. Higher task completion rate implies better crowdsourcing effect that a crowdsourcing method can achieve.
We compare our proposal with Offline method (benchmark) and Greedy method (when a worker arrives at the system, it will always be assigned to the task with the highest ability value). Experiments are conducted by jdk 1.8.0 and eclipse I.D.E. All experiments are performed under Windows 10 operating system with Intel(R) Core(TM) i3-4150 3.5 GHz CPU and 8.0 GB RAM. To maintain the consistency of experiment results, each experiment is repeated 20 times.
B. EXPERIMENT RESULTS
We tested the average ability values and task completion ratio of our proposal and compare them with the other competitive methods, i.e., Offline method and Greedy method.
Concretely, the experiment parameters are set as follows: the number of workers is varied from 10000 to 40000, other parameters are set as in Table 2 . Experiment results are presented in Fig.3-Fig.4 .
As Fig. 3 shows, the average ability values of three methods all increase approximately linearly when the number of recruited workers rises. Furthermore, the average ability of Dynamic crowdsourcing method performs better than the Greedy method and approaches the benchmark method, i.e., Offline method. The reason is that our proposal introduces the time factor into the ability evaluation model of workers; and correspondingly, higher ''average ability'' of recruited workers are obtained finally. Fig. 4 shows the relationships between the number of workers and the task completion rate of three crowdsourcing methods. As can be seen from the figure, the task completion rates of three methods all increase with the growth of the number of workers. Moreover, the tasks completion rate of our proposed dynamic crowdsourcing method outperforms that of the Greedy method and approaches that of the benchmark FIGURE 4. Task completion rate w.r.t. Number of workers. More workers can achieve higher task completion rate. method (i.e., Offline method). The reason is that our method considers the dynamic arrivals of both tasks and workers.
Time factor plays an important role in our suggested dynamic mobile crowdsourcing method. Next, for the three competitive methods, we investigate their respective relationship between the average ability of recruited workers and the number of time slots. Concretely, the experiment parameters are set as follows: the number of time slots is varied from 10000 to 25000, other parameters are set as in Table 2 . Concrete experiment results are shown in Fig.5-Fig.6 . As can be seen from Fig. 5 , the average ability of recruited workers of our proposed Dynamic method decreases with the growth of the number of time slots, which renders the similar variation tendency with those of the Offline method and the Greedy method. The reason is that the increased time period often means more sparse distribution of tasks and participants as well as fewer participants that are recruited. Furthermore, our proposal performs better than the Greedy method and approaches the benchmark method in terms of the average ability of recruited workers. The reason is that our method VOLUME 6, 2018 considers the time-aware arrivals of both tasks and workers, which suits the dynamic crowdsourcing scenarios more. Fig. 6 shows the task completion rate of three crowdsourcing methods with respect to the number of time slots. As Fig.6 indicates, the task completion rates of three methods all decrease when the number of time slots rises, because the growth of time slots decreases the number of workers who can satisfy the task time constraints. Furthermore, our proposal outperforms the Greedy method and meanwhile approaches the Offline method in terms of the task completion rate, whose reason is the same as that of Fig.5 and hence not repeated here. Fig.7 shows the influence of the number of tasks to the average ability of recruited workers in three crowdsourcing methods. As can be seen from the experiment figure, when the number of tasks increases, all the three methods achieve a low average ability of recruited workers; moreover, our proposed Dynamic selection method can get an approximate result to the optimal method (i.e., the Offline method) due to the dynamic property of our proposal. In Fig.8 , we test the relationship between the task completion rate and the number of tasks. As can be seen from Fig.8 , the Dynamic selection method can get a better task completion rate than the greedy policy. Besides, for the three methods, the task completion rate values approximately decrease when the number of tasks increases; this is because more tasks will lead to deficiency of the workers to be selected. At last, the Dynamic selection method can get an approximate result to the optimal Offline method.
C. SHORTCOMING ANALYSES
However, there are still several shortcomings in this paper, which still need further investigation.
(1) To achieve the optimal crowdsourcing solution, it is necessary to consider the candidate workers' historical data that are often sensitive [21] - [28] . Therefore, it is of FIGURE 8. Task completion rate w.r.t Number of tasks. The bigger the number of tasks is, the lower the task completion rate will be.
necessity to improve our proposal by introducing some effective privacy-preservation strategies to guarantee the security and robustness performances [29] - [31] .
(2) In this paper, we seek for the optimal mobile crowdsourcing solution mainly based on the unique evaluation criterion, i.e., the ability values of candidate workers. However, multiple criteria are often presented in the practical decisionmaking applications [32] - [35] . Therefore, it is of positive significance to extend our work by considering multiple evaluation criteria as well as their distinct data types (e.g., discrete [36] , [37] , binary [38] , fuzzy [39] ) simultaneously in the future research.
V. RELATED WORK
Recently, mobile crowdsourcing has been utilized to conduct the electricity load forecasting. Selecting proper workers for forecasting tasks is crucial for providing better services in the forecasting process. Many researchers have investigated this hot topic. In this section, we review the related work from the following three aspects.
A. CROWDSOURCING SELECTION BASED ON WORKERS' ABILITY
The abilities of workers are often regarded as the worker selection basis for mobile crowdsourcing applications. In [40] , a self-organized mobile crowdsourcing tool called Crowdlet is introduced to recruit workers to satisfy the requester's real-time tasks. Crowdlet determines whether to select a worker based on the worker's provided service quality that is often calculated based on the worker's skills, arrival time and reward; however, reputation and device performance are not taken into consideration. Karaliopoulos et al. [41] present an online crowdsourcing framework to allocate workers to tasks by collecting the key information from workers and requesters, whose goal is to maximize the utility function defined in the framework. However, the utility function only depends on network state, without considering other elements. In [42] , a self-adaptive behavior-aware recruitment scheme is proposed to improve the process of recruitment. This scheme generates a reputation value for a worker by considering the worker's historical data. However, the reputation only depends on the worker's skill while neglects device capability and other elements. In [43] , a crowd sensing system is designed to take the budget of workers and system into consideration. In this work, the reputation updating method utilizes a worker' willingness and provided information (e.g., the reliability of allocating a worker to a task) to generate the crowdsourcing result. This way, both the budget cost for a task and the high quality of mobile crowdsourcing results can be guaranteed finally. However, the crowdsourcing basis in this work is still not comprehensive.
B. DYNAMIC MOBILE CROWDSOURCING SELECTION
In [44] , a regret minimization online learning method is proposed to generate the optimal price strategy and incentive method. In [45] , two online mechanisms, i.e., OMZ and OMG are designed based on the online auction models to satisfy the dynamic arrival of workers; the goal was to select enough workers to maximize the service value before the deadline. In [46] , for the dynamical crowdsourcing problem, the authors suggest that the workers can submit their personal configuration files to the system; thus the system can minimize the budget or cost while selecting enough workers for tasks. However, the auction methods in [44] - [46] often lead to low efficiency and hence cannot satisfy the quick response requirements from crowdsourcing platform or requesters. Besides, additional burden is stressed on the workers and requesters due to the auction process.
C. MOBILE CROWDSOURCING IN ELECTRICITY LOAD FORECASTING
Some researchers use mobile crowdsourcing to collect users' electricity consumption information. While few of them have explored the mobile crowdsourcing selection problem in the load forecasting. Wagy et al. [47] design hundreds of questions for the electricity users via mobile crowdsourcing. According to the feedback answers, a prediction model is built to evaluate the users' electricity consumption in the future. In [48] , load forecasting is conducted based on the energy information collected from mobile devices. In this study, electricity users and electricity companies play the roles of workers and requesters, respectively. In [49] , the users predict their electricity consumption and send the predicted results to the crowdsourcing platform or electricity companies so as to gain some remission in electricity price. However, the above methods mainly focus on how to apply the mobile crowdsourcing to conduct the electricity forecasting, while neglect to select proper workers for the forecasting tasks.
With the above analyses, we can conclude that existing researches fall short in forecasting the electricity load in the dynamic mobile crowdsourcing environment. In view of this challenge, a dynamic mobile crowdsourcing selection method for electricity load forecasting is proposed in this paper. Through considering the dynamic arrivals of both crowdsourcing tasks and candidate workers, our proposal achieves a good tradeoff between average ability value of recruited workers and task completion rate.
VI. CONCLUSION AND FUTURE WORK
Accurate prediction of future electricity consumption is of positive significance for the production, transmission and allocation of electricity energy. With the increasing popularity of mobile devices, mobile crowdsourcing has gradually become one of the most promising ways to achieve the above electricity prediction goal. However, existing researches often assume that the crowdsourcing scenarios are static, while seldom consider dynamic scenarios where the crowdsourcing tasks and candidate workers arrive at or leave the crowdsourcing platform at will. In view of this challenge, a dynamic mobile crowdsourcing selection method for electricity load forecasting is proposed in this paper, which considers the dynamic arrivals of both tasks and workers. Finally, through a set of simulated experiments, we validate the feasibility of our proposal in terms of average ability value of recruited workers and task completion rate.
In the future, we plan to apply our dynamic crowdsourcing selection method in real-world electricity load forecasting environment to further validate the feasibility of our proposal. Moreover, besides time, many other factors (e.g., location) also plays an important role in the worker selection decisions; Considering this, in the future, we will further refine our proposed mobile crowdsourcing method by introducing more factors, so as to pursue more reasonable and accurate crowdsourcing solutions. 
